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Abstract 

This study investigates user sentiment towards the myIM3 application, an application used for telecommunication service management in 
Indonesia. Using text analysis and machine learning methods, we analyzed user reviews to identify dominant sentiment patterns and evaluate 
different classification models. Word cloud analysis, sentiment distribution, and donut plots were utilized to gain deeper insights into user 
preferences and issues. Results indicate that the majority of user reviews are neutral (52.2%), with 37% positive reviews and 33.4% negative 
reviews. Users consistently pay attention to aspects such as internet connection (Neutral: 92%, Positive: 95%, Negative: 87%) and pricing 
(Neutral: 92%, Positive: 92%, Negative: 93%) in their reviews. Evaluation of classification models like Decision Tree Classifier, Support Vector 
Machine (SVM), and Random Forest shows that the SVM model performs the best with an accuracy of 93%, high precision (Negative: 93%, 
Neutral: 92%, Positive: 95%), recall (Negative: 93%, Neutral: 95%, Positive: 91%), and F1-score (Negative: 93%, Neutral: 94%, Positive: 93%). 
These findings can serve as a basis for service improvement and better product development in the future, while also affirming the capability of 
text analysis and machine learning techniques in providing valuable insights for telecommunication service providers.    
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1. Introduction  

In today's digital age, mobile applications have revolutionized the way we interact with technology, offering a myriad 

of services at our fingertips [1]. Among these applications, those catering to telecommunications needs hold particular 

significance, providing users with essential functionalities such as managing data usage, monitoring account balances, 

and accessing promotional offers [2]. In this landscape, understanding user sentiments towards these applications is 

not only beneficial but also imperative for service providers striving to deliver exceptional user experiences [3]. 

One such telecommunications application that has garnered substantial user attention is myIM3, a versatile platform 

widely used in Indonesia for managing telecommunication services [4]. As users increasingly rely on mobile 

applications for their day-to-day activities, the myIM3 app serves as a central hub for users to navigate their 

telecommunication needs efficiently. From purchasing data packages to accessing account information and availing 

themselves of promotional deals, myIM3 offers a comprehensive suite of services aimed at simplifying the 

telecommunications experience for its users. 
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Recognizing the pivotal role of user satisfaction and loyalty in the success of telecommunications service providers, 

gaining insights into user sentiments towards the myIM3 application emerges as a critical endeavor [5]. By delving 

into the multifaceted landscape of user sentiments, service providers can glean invaluable insights into user preferences, 

pain points, and areas of satisfaction, thus informing strategic decisions aimed at enhancing the overall user experience. 

Against this backdrop, this research embarks on an in-depth exploration of user sentiments expressed towards the 

myIM3 mobile application. Leveraging advanced text analysis techniques and machine learning algorithms [6], [7], 

delve into user reviews to uncover nuanced sentiments and discern underlying patterns. Through this rigorous analysis, 

we seek to unveil the intricate emotional landscapes traversed by users, shedding light on both positive sentiments that 

reinforce user satisfaction and negative sentiments that signal areas in need of improvement. 

The significance of this study extends beyond mere academic curiosity; it holds practical implications for 

telecommunications service providers seeking to optimize their offerings and elevate user experiences. By dissecting 

user sentiments with precision and granularity, we aim to provide actionable insights that enable service providers to 

fine-tune their strategies, refine their applications, and cultivate stronger relationships with their user base. In the 

subsequent sections of this paper, we embark on a comprehensive journey, unraveling the complex tapestry of user 

sentiments expressed towards the myIM3 application. Through meticulous analysis and interpretation, we aim to 

unearth invaluable insights that pave the way for enhanced service provision and enriched user experiences.  

2. Literature Review  

Understanding user sentiments towards mobile applications has been a topic of growing interest in recent years, driven 

by the increasing reliance on mobile technology in various aspects of daily life [8]. While extensive research has been 

conducted in sentiment analysis across different domains, including e-commerce, social media, and entertainment, the 

telecommunications sector presents its own unique challenges and opportunities [10], [11]. In the realm of mobile 

telecommunications applications, user sentiments play a crucial role in shaping user satisfaction, loyalty, and 

ultimately, the success of service providers [12], [13]. Therefore, researchers have increasingly turned their attention 

towards analyzing user sentiments in this context to uncover insights that can inform strategic decision-making and 

service improvements. 

Several studies have investigated the factors influencing user sentiments towards mobile telecommunications 

applications [14]. Key aspects such as usability, functionality, pricing, network reliability, and customer support have 

emerged as significant determinants of user satisfaction. For example, research by Zhang et al. [14], found that users 

prioritize ease of navigation and transaction processes when evaluating mobile applications, highlighting the 

importance of user-friendly interfaces in driving positive sentiments. Furthermore, pricing and affordability have been 

identified as critical factors affecting user perceptions of value and satisfaction. Studies by Yun et al. [15], and Aksoy 

et al. [16], demonstrated that users are highly sensitive to pricing structures and are more likely to express negative 

sentiments towards applications perceived as offering poor value for money. 

Network reliability and performance also play a pivotal role in shaping user sentiments towards telecommunications 

applications. Poor network connectivity, slow data speeds, and frequent service disruptions often lead to user frustration 

and dissatisfaction. Research conducted by Garín-Muñoz, et al. [17], highlighted the strong correlation between 

network quality and user sentiments, underscoring the importance of robust infrastructure in maintaining user 

satisfaction. In addition to functional aspects, the quality of customer support services offered by telecommunications 

providers significantly influences user sentiments. Studies by Kang et al. [18] and Chen et al. [19], revealed that prompt 

resolution of user queries and complaints positively impacts user perceptions of service quality and enhances overall 

satisfaction. While existing literature provides valuable insights into the factors influencing user sentiments towards 

mobile telecommunications applications, there remains a need for more comprehensive studies focusing specifically 

on management applications like myIM3. By addressing this research gap, the present study aims to contribute to the 

existing body of knowledge and provide actionable insights for telecommunications service providers striving to 

improve user experiences and satisfaction. 
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3. Method 

In this section, we outline the methodology employed in our study to analyze user sentiments expressed in reviews of 

the myIM3 mobile application. The methodology encompasses data collection, preprocessing, exploratory data analysis 

(EDA), feature extraction, model selection and training, model evaluation, and interpretation of results [20]. Figure 1 

show for each step is meticulously designed to ensure a systematic and comprehensive approach towards understanding 

user sentiments and deriving actionable insights from the dataset. 

 

Figure 1. Research step 

3.1. Data Collection 

The first step in conducting sentiment analysis of user reviews for the myIM3 application involves data collection. We 

obtained a dataset comprising user reviews from various sources, including app stores, online forums, and social media 

platforms. The dataset encompasses a diverse range of reviews, capturing user sentiments and opinions towards 

different aspects of the myIM3 application. 

3.2. Data Preprocessing 

Following the data collection phase, the gathered information undergoes preprocessing to ensure its consistency and 

suitability for analysis. This crucial stage involves several essential procedures aimed at refining the raw textual data 

[21]. Initially, techniques for text normalization are applied to standardize the text, such as converting all text to 

lowercase, eliminating punctuation marks, and managing abbreviations to maintain uniformity throughout the dataset. 

Subsequently, tokenization is conducted to segment the text into individual words or tokens, facilitating the 

organization and manipulation of the textual data for subsequent analysis. 

Additionally, common stopwords, which lack significant meaning in sentiment analysis contexts, are eliminated from 

the text to reduce noise and concentrate on words more pertinent to the analysis. Finally, lemmatization or stemming 

techniques are utilized to reduce words to their base or root forms, thereby consolidating variations of the same word 

and simplifying the analysis process while enhancing sentiment classification accuracy. Through the implementation 

of these preprocessing methods, the dataset is effectively refined and primed for further analysis, ensuring its suitability 

for extracting meaningful insights regarding user sentiments expressed in reviews of the myIM3 mobile application.   

3.3. EDA 

EDA serves as a crucial preliminary step in understanding the underlying structure and patterns within the dataset [20]. 

In our study, we conducted a comprehensive exploratory analysis to gain deeper insights into the characteristics and 

distribution of sentiments expressed by users in their reviews of the myIM3 mobile application. To begin with, we 

employed various visualization techniques to elucidate the inherent patterns and trends present in the dataset. Word 

frequency distributions were generated to identify the most commonly occurring words and phrases across the reviews. 

This allowed us to discern prevalent themes and topics that were frequently discussed by users. 

Additionally, word clouds were constructed to visually represent the relative frequency of words in the dataset, with 

larger font sizes indicating higher frequencies. This graphical representation provided a succinct overview of the most 

prominent terms and sentiments prevalent in the reviews. Furthermore, sentiment histograms were utilized to visualize 

the distribution of sentiments within the dataset. By plotting the frequency of positive, negative, and neutral sentiments, 

we were able to ascertain the overall sentiment distribution and identify any potential biases or imbalances in the 

dataset. 

Through these exploratory analyses, we gained valuable insights into the sentiment landscape of the myIM3 mobile 

application. The visualizations enabled us to identify common themes, sentiment patterns, and prevalent topics 

discussed by users, laying the groundwork for further in-depth analysis and interpretation of the dataset. 
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3.4. Feature Extraction 

During the feature extraction phase, our primary goal was to convert the processed text data into numerical formats 

suitable for machine learning algorithms [22]. This step is pivotal since the majority of machine learning algorithms 

operate on numerical data rather than raw text. To accomplish this, we utilized various techniques tailored for effective 

handling of text data. One of the key methods employed is the bag-of-words (BoW) model, where each document is 

represented as a vector, with each dimension corresponding to a unique word in the corpus. The value of each dimension 

indicates the frequency of the respective word in the document. By constructing a vocabulary from the entire corpus 

and representing each document using this vocabulary, we create numerical feature vectors that capture word 

occurrence patterns across documents. Additionally, we incorporated the term frequency-inverse document frequency 

(TF-IDF) approach, which evaluates the significance of a word in a document relative to its occurrence in the entire 

corpus. This method assigns higher weights to words that are common in a specific document but rare across the corpus, 

thereby highlighting the discriminative power of such words in characterizing document content. 

Moreover, we investigated the utilization of word embeddings like Word2Vec or GloVe to capture semantic 

relationships and contextual information embedded within the text. Word embeddings represent words as dense, low-

dimensional vectors in a continuous vector space, where words with similar meanings or contexts are positioned closer 

to each other. By leveraging pre-trained word embeddings or training custom embeddings on our dataset, we aimed to 

capture the nuanced semantic meanings and associations inherent in the text data. Through the integration of these 

diverse feature extraction techniques, our objective was to produce comprehensive numerical representations of the 

text data, facilitating the effective capture of underlying patterns and nuances in user-generated reviews of the myIM3 

mobile application. These feature representations serve as the foundation for training machine learning models to 

accurately classify user sentiments.  

3.5. Model Selection and Training 

Our research employs various machine learning algorithms to develop sentiment classification models using features 

extracted from a preprocessed dataset. These models are essential for accurately predicting user sentiment towards the 

myIM3 mobile application. We investigate several popular algorithms, each with distinct advantages suited to our 

classification objectives. 

Decision trees are frequently chosen for classification tasks due to their straightforward nature and capability to handle 

diverse data types [23]. This algorithm divides the feature space into regions, making decisions based on feature values 

at each node. Classification involves traversing the tree from the root to a leaf node, where the final decision is made. 

The splitting criterion, such as Gini impurity or information gain, determines the feature used for splitting at each node. 

Decision Tree Formula [23]: 

Gini impurity: 𝐺𝑖𝑛𝑖(𝐷) = 1 − ∑ 𝑃𝑖
2𝑐

𝑖=1        (1) 

Information gain: 𝐼𝐺(𝐷, 𝐴) = 𝐻(𝐷) − ∑
|𝐷𝑣|

|𝐷|
𝑉
𝑣=1 𝐻(𝐷𝑣)     (2) 

The Support Vector Machine (SVM) emerges as a robust tool for binary classification assignments, adept at crafting 

hyperplanes to differentiate data instances belonging to distinct classes with utmost margin [24]. Its functionality 

revolves around transforming input data into a feature space of higher dimensions, where class distinctions can be 

delineated by a hyperplane. The selection of the optimal hyperplane hinges on the dual objective of maximizing inter-

class margin while concurrently minimizing classification inaccuracies. 

SVM Formula [24]: 

Hyperplane equation: 𝑤𝑇𝑥 + 𝑏 = 0       (3) 

Margin: 
2

‖𝑤‖
          (4) 

Soft margin: 𝑚𝑖𝑛𝑤,𝑏,𝜀
1

2
‖𝑤‖2 + 𝐶 ∑ 𝜀𝑖

𝑛
𝑖=1       (5) 
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The Random Forest technique is a form of ensemble learning, where it builds numerous decision trees in the training 

phase and yields the most frequently occurring class (for classification) or the average prediction (for regression) of 

the individual trees [25]. This method combats overfitting and boosts accuracy by amalgamating the predictions from 

multiple trees. Each tree within the forest is trained on a random subset of both the training data and its features. 

Random Forest Formula [25]: 

Bagging: 𝑓𝑏𝑎𝑔(𝑥) =
1

𝐵
∑ 𝑓∗𝑏(𝑥)𝐵
𝑏=1       (6) 

In recent times, there has been a surge in the popularity of neural networks, especially deep learning models, owing to 

their capacity to grasp intricate patterns and representations from datasets [26]. These models are comprised of layers 

of interconnected neurons, wherein each layer undertakes transformations on the input data. Notably, deep neural 

networks like convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have showcased 

exceptional capabilities across a spectrum of natural language processing endeavors, encompassing tasks such as 

sentiment analysis. 

Neural Network Formula [26]: 

Forward propagation: 𝑧[𝑙] = 𝑊[𝑙]𝑎[𝑙−1] + 𝑏[𝑙]     (7) 

Activation function: 𝑎[𝑙] = 𝑔[𝑙](𝑧[𝑙])     (8) 

Backpropagation: 𝑧[𝑙] = 𝑑𝐴[𝑙] × 𝑔[𝑙]′(𝑧[𝑙])    (9) 

The dataset undergoes segmentation into training and testing sets for the facilitation of model training and assessment. 

Techniques for hyperparameter optimization, like grid search or randomized search, are implemented to enhance the 

efficacy of each algorithm. Through meticulous model selection and training, our goal is to construct sentiment 

classification systems for the myIM3 mobile application that are both resilient and precise. 

3.6. Evaluation of Models: 

The performance of the trained models is assessed using suitable evaluation metrics such as accuracy, precision, recall, 

and F1-score. These metrics offer insights into the models' proficiency in accurately categorizing sentiments. 

Furthermore, methods such as cross-validation may be utilized to gauge the models' resilience and ability to generalize 

to new data. 

4. Result and Discussion 

4.1. Sentiment Analysis of myIM3 Users 

The initial step of this examination employs the word cloud method to showcase the prevalent words found in the 

reviews provided by users of myIM3, categorized into neutral, positive, and negative sentiments. A word cloud visually 

represents the frequency of words within a dataset, with larger words indicating higher occurrence rates. The objective 

of this examination is to discern prevalent patterns in user responses regarding the application. Figure 2 exhibits the 

word clouds representing neutral, positive, and negative sentiments generated from the dataset. 

 

Figure 2. Word Cloud of Neutral, Positive, and Negative Sentiments 
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The analysis results indicate that in neutral reviews, frequently appearing words tend to relate to functional aspects of 

the application such as internet connection, price, and application features. Users in this category may express reviews 

with a neutral tone, indicating a moderate satisfaction with the service without giving extremely positive or negative 

ratings. On the other hand, in positive reviews, it was found that dominating words often relate to praise for the ease 

of using the application, affordable prices, and good internet connection speed. This indicates that users giving positive 

feedback are likely very satisfied with their experience using the myIM3 application, and they highlight the positive 

aspects of the service. 

Meanwhile, in negative reviews, words related to complaints about poor internet connection quality, perceived high 

prices, or other technical issues were found. Users expressing negative sentiments in their reviews may experience 

dissatisfaction or disappointment with the service they received, and they use their reviews to express their concerns 

or dissatisfaction. Thus, the results of this word cloud analysis provide deep insights into the aspects most noticed by 

users in the myIM3 application, as well as understanding of user preferences and needs that can serve as a basis for 

future development and service improvement. 

The next step in this analysis is to explore the sentiment distribution of overall user reviews of myIM3. By examining 

the proportion of neutral, positive, and negative reviews, the goal of this analysis is to gain a more comprehensive 

understanding of user perceptions of this application. Figure 3 below depicts the sentiment distribution of myIM3 users. 

 

Figure 3. Distribution of Myim3 User Sentiments 

From the results of this analysis, it can be seen that the majority of myIM3 user reviews are categorized as neutral 

sentiment. However, there is also a significant proportion of reviews reflecting positive and negative sentiments. This 

indicates that while the majority of users may not have strong feelings towards the application, there is also a group of 

users who are either very satisfied or dissatisfied with the service provided. 

To provide a more visual representation of the shift in sentiment distribution from total reviews to positive and negative 

reviews, a funnel chart was used. Through this visualization, it can be observed how the number of reviews decreases 

as the sentiment changes from neutral to positive or negative. The funnel chart helps understand the extent to which 

sentiment changes occur within the range of reviews and allows for the identification of potential areas for 

improvement. This analysis of sentiment distribution provides a deeper understanding of how users respond to the 

myIM3 application overall. By understanding this sentiment distribution, companies can direct their efforts to improve 

user satisfaction and address any issues that may arise. 

To gain deeper insights into user sentiment towards the myIM3 application, an analysis was conducted using a donut 

plot as shown in figure 4. This method allows for the visual analysis of the most frequently occurring words in neutral, 

positive, and negative reviews, making it easier to understand and interpret the results. This analysis provides an 

opportunity to discover patterns and preferences that may not be apparent in other analyses. 
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Figure 4. Donut Plot of User Sentiments 

Using a donut plot, we can visualize how often key words appear in each sentiment category. For instance, in neutral 

reviews, words like "network," "signal," and "price" might occur more frequently, whereas in positive reviews, words 

like "easy," "great," and "fast" might dominate. On the other hand, in negative reviews, we might find words like 

"expensive," "slow," and "issues" as the most common. Donut plot analysis provides a more detailed understanding of 

user preferences and complaints regarding the application. It helps identify underlying trends in user feedback and 

highlights potential areas that need to be addressed or improved in service development. By understanding user 

sentiment depicted through donut plots, companies can take strategic steps to enhance user satisfaction and improve 

the overall user experience. 

4.2. Model Evaluation 

After training on three different classification models, namely Decision Tree Classifier, Support Vector Machine 

(SVM), and Random Forest, the performance of each model was evaluated. Evaluation was done using several standard 

performance metrics such as accuracy, precision, recall, and F1-score, to gain a comprehensive understanding of the 

model's ability to predict user sentiment in myIM3. Table 1 presents the evaluation results of the three tested 

classification models, namely Decision Tree Classifier (Tuned), Support Vector Machine (Tuned), and Random Forest 

(Tuned), in predicting user sentiment in myIM3. 

Table 1. Evaluation Results 

Model Precision Recall F1-Score Support 

Decision Tree Classifier (Tuned)     

Negative 0.89 0.87 0.88 161 

Neutral 0.92 0.95 0.93 232 

Positive 0.92 0.90 0.91 165 

Support Vector Machine (Tuned)     

Negative 0.93 0.93 0.93 161 

Neutral 0.92 0.95 0.94 232 

Positive 0.95 0.91 0.93 165 

Random Forest (Tuned)     

Negative 0.83 0.96 0.89 161 

Neutral 0.95 0.94 0.94 232 

Positive 0.99 0.86 0.92 165 

The adjusted Decision Tree Classifier model shows interesting evaluation results. With an accuracy of 91%, this model 

succeeds in predicting myIM3 user sentiment effectively. Further analysis of this model's performance metrics reveals 

some intriguing findings. The high precision rate of 92% for classifying positive sentiment indicates that the model 

tends to provide accurate predictions when identifying reviews expressing user satisfaction with the myIM3 service. 



Journal of Applied Data Sciences 

Vol. 5, No. 2, May 2024, pp. 357-366 

ISSN 2723-6471 

364 

 

 

 

In other words, when the model classifies a review as positive sentiment, it is highly likely that the review truly reflects 

user satisfaction with the application. 

Moreover, a fairly good recall rate of 95% for neutral sentiment indicates that the model is adept at detecting neutral 

or unbiased reviews without disregarding the abundance of such sentiment in the dataset. This demonstrates the model's 

ability to not only focus on strong sentiments but also consider neutral reviews in the classification process. However, 

it should be noted that the model has a slightly lower recall rate of 87% for negative sentiment, suggesting that the 

model tends to struggle in recognizing reviews containing criticism or dissatisfaction from users towards the myIM3 

service. Although the precision rate for negative sentiment may remain high, it is important to improve recall to make 

the model more effective in identifying reviews containing negative sentiment. 

The adjusted SVM model demonstrates outstanding performance with an accuracy of 93%. This indicates the model's 

ability to classify myIM3 user sentiment with a high level of accuracy. However, it is important to note that accuracy 

alone is not sufficient to evaluate the model's performance comprehensively. Therefore, we need to delve deeper into 

other metrics such as precision, recall, and F1-score to gain a more comprehensive understanding of the model's 

performance. Further analysis of these metrics indicates that the SVM model has high precision, recall, and F1-score 

for all sentiment classes. For negative sentiment, SVM achieves a precision of 93%, recall of 93%, and F1-score of 

93%. This means that the SVM model tends to provide accurate predictions in identifying reviews containing negative 

sentiment while minimizing the number of actually positive or neutral reviews misclassified as negative. 

For neutral sentiment, the SVM model has a precision of 92%, recall of 95%, and F1-score of 94%. This indicates that 

the model tends to provide accurate predictions in classifying neutral reviews while considering the majority of neutral 

reviews in the dataset. As for positive sentiment, SVM achieves a precision of 95%, recall of 91%, and F1-score of 

93%. These results indicate that the model consistently identifies reviews containing positive sentiment from myIM3 

users. Thus, these overall results indicate the SVM model's ability to generate accurate and consistent predictions in 

classifying myIM3 user sentiment, as well as demonstrating the potential of this model for practical use in analyzing 

user sentiment in the application. 

Meanwhile, the adjusted Random Forest model also demonstrates good performance with an accuracy of 92%. 

Although these results indicate satisfactory accuracy, further analysis reveals some interesting aspects regarding the 

model's performance. The Random Forest model has a slightly lower recall rate for negative sentiment, although still 

quite high, at 96%. This indicates that the model is better at identifying reviews that truly contain negative sentiment, 

but there may be some negative reviews that are missed or misclassified as neutral or positive. On the other hand, the 

model excels in terms of precision rate for positive sentiment, reaching 99%. This indicates that when the Random 

Forest model classifies a review as positive, it is highly likely that the review indeed contains positive sentiment. This 

is a good indication of the model's ability to distinguish positive reviews from others. Based on the evaluation results 

of the three models, it can be concluded that the SVM model demonstrates the best performance in predicting myIM3 

user sentiment, followed by the Decision Tree Classifier and Random Forest models. However, the results from the 

Random Forest model still provide valuable insights into our understanding of user sentiment in the myIM3 application, 

especially in identifying negative and positive reviews with high precision. 

5. Conclusion 

In this study, in-depth analysis of user sentiment towards the myIM3 application has been conducted using various text 

analysis methods and machine learning techniques. Through the use of word cloud techniques, funnel charts, and donut 

plots, dominant sentiment patterns in user reviews have been successfully identified visually. Evaluation of three 

different classification models, namely Decision Tree Classifier, SVM, and Random Forest, has been carried out to 

predict user sentiment. The evaluation results show that the SVM model is the most superior with an accuracy of 93%, 

followed by the Random Forest model with an accuracy of 92%, and the Decision Tree Classifier model with an 

accuracy of 91%. The SVM model also demonstrates the best performance in classifying positive, neutral, and negative 

sentiments with high precision, recall, and F1-score rates. These findings provide valuable insights for 

telecommunication service providers such as myIM3 in understanding their users' perceptions and preferences. By 

understanding user sentiment more deeply, companies can identify areas that need to be improved or enhanced in their 
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applications to increase user satisfaction and strengthen their position in the market. Additionally, this research also 

demonstrates the importance of implementing text analysis techniques and machine learning in understanding user 

feedback and making more informed decisions in product and service development.  
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